ABSTRACT: Polypharmacology has emerged as a new theme in drug discovery. In this paper, we studied polypharmacology using a ligand-based target fishing (LBTF) protocol. To implement the protocol, we first generated a chemogenomic database that links individual protein targets with a specified set of drugs or target representatives. Target profiles were then generated for a given query molecule by computing maximal shape/chemistry overlap between the query molecule and the drug sets assigned to each protein target. The overlap was computed using the program ROCS (Rapid Overlay of Chemical Structures). We validated this approach using the Directory of Useful Decoys (DUD). DUD contains 2950 active compounds, each with 36 property-matched decoys, against 40 protein targets. We chose a set of known drugs to represent each DUD target, and we carried out ligand-based virtual screens using data sets of DUD actives seeded into DUD decoys for each target. We computed Receiver Operator Characteristic (ROC) curves and associated area under the curve (AUC) values. For the majority of targets studied, the AUC values were significantly better than for the case of a random selection of compounds. In a second test, the method successfully identified off-targets for drugs such as rimantadine, propranolol, and domperidone that were consistent with those identified by recent experiments. The results from our ROCS-based target fishing approach are promising and have potential application in drug repurposing for single and multiple targets, identifying targets for orphan compounds, and adverse effect prediction.
INTRODUCTION
Polypharmacology has emerged as a new theme in drug discovery. 1−4 In contrast to the traditional view of one drug against one target, polypharmacology focuses on the fact that one drug can hit multiple targets. 1 Polypharmacology is desirable in the case of complex diseases that involve functional modulation of multiple proteins such as cancer. 5 Identification of compounds that interact with multiple proteins in a particular disease network may be a good starting point for drug discovery. However, protein targets outside of these networks may interact with putative drugs. This may either cause unwanted side effects or it may help in the modulation of different diseases. Therefore, identification of these off-target proteins may facilitate drug repurposing and the determination of toxic liabilities. Identifying new indications for old drugs was reported to be the best and most economical way to bring a drug to market. 6 Computational approaches have traditionally focused on studying ligand interactions with a single target and have been successfully used in lead identification and optimization studies. 7, 8 These methods complement much more expensive experimental approaches to drug design and have been integrated into virtually all modern drug-discovery programs. Similarly, computational offtarget profiling methods or "target fishing" are complementary to the experimental screening approaches. It is not possible to test each compound against every possible target. The application of computational approaches in off-target prediction has been reviewed. 9, 10 Many structure-based target fishing (SBTF) approaches, such as INVDOCK 11 and Target Fishing Dock (TarFisDock), 12 are reported in the literature. 8 The basic idea behind SBTF is the inverse of docking. In the usual docking experiments, a set of ligands is docked into a particular target, and the results are ranked by docking score. However, in SBTF, a single ligand is docked into many targets, and the potential targets are ranked by docking 8, 12, 13 or Z-score. 14 SBTF approaches are of limited utility for major drug targets like G-protein coupled receptors (GPCRs) and ion channels, because their crystal structures are not available. Nearly 50% of all recently launched drugs were reported to target GPCRs. 15 Furthermore, issues such as protein flexibility and the treatment of water-mediated interactions in the active site are other limiting factors of this approach.
Ligand-based target fishing approaches do not have these limitations. For many targets that do not have an experimentally determined structure, there is still a known set of active ligands.
This allows the application of ligand-based approaches in the study of a wide variety of targets. The fundamental idea underlying ligand-based approaches is that two similar ligands are likely to have similar target-binding profiles. Ligand-based target fishing approaches utilize either similarity-based screening or machine learning models. Similarity-based target fishing is conducted by determining the protein targets for screening, identifying ligands to represent those targets, and choosing the similarity method for comparing ligands. Keiser et al. have used 2D-similarity searching along with a BLAST-like statistical model to successfully predict the off-targets of a set of known drugs. 16, 17 Scitegic ECFP4 and Daylight topological fingerprints were used as the descriptors for the similarity search. 17 Nettles et al. have used feature point pharmacophores (FEPOPS) and highlighted the ability of the 3D similarity search approach to identify novel scaffolds. 18 Multiple-category Bayesian modeling, Shannon Entropy Descriptors (SHED), and morphological similarity have also been used to carry out target fishing.
19−21
Among 3D-similarity search approaches, the ROCS program 22 is considered to be a de facto standard. There are many reports on the successful application of ROCS in lead identification and optimization. 23−26 In this paper, we have explored the application of ROCS in target fishing. We used public data sources including Drug Bank 27 and the Kyoto Encyclopedia of Genes and Genomes (KEGG) 28 to create a chemogenomic database linking drug molecules to protein targets. This allowed us to develop a ligandbased target fishing (LBTF) protocol using the ROCS program. We have extended the group fusion and inverse docking approaches to develop our ROCS-based target fishing (RBTF) approach. Group fusion refers to the use of multiple reference structures in a similarity search. On the basis of our database annotation, multiple reference structures were used to represent the targets. Typically, one or more query molecules are screened against multiple target sets. This is the inverse of traditional ligandbased screening approaches. We first validated this approach using the Directory of Useful Decoys (DUD) data set. 29 We found that, for the majority of targets, the enrichment of known actives was significantly higher using RBTF than that for which a random selection of compounds was used as the screening method. We used the RBTF method to generate a drug−target matrix. For a subset of drugs in our matrix, we identified offtargets that were recently reported in the literature.
To the best of our knowledge, this study is the first to use the 3D-shape/chemical similarity analysis program ROCS to generate off-target profiles of drugs. The results demonstrate that a shape and chemical similarity-based target fishing approach using a robust drug−target matrix can successfully identify offtargets. The methodology has potential application in the prediction of toxicity, identification of targets of orphan compounds, and drug repurposing.
METHODS
2.1. Creation of a Chemogenomic Database. In order for a chemogenomic database to be amenable to automated data mining, it must contain a clear annotation of targets and chemical structures. 10 The annotation will be necessary to distinguish drug target and compound classes such as bacterial targets from human targets or antibiotics from cardiovascular drugs. We used Drug Bank to obtain the initial drug-target information, and a detailed literature survey identified 245 of these targets as primary drug targets. 30, 31 The drug targets were grouped according to biochemical classification into 13 major classes ( Figure 1 shows the major target classes). Overall, our coverage of primary therapeutic targets agrees with the previous report of Imming et al. 30 There are 20 targets that have at least one known approved drug molecule, 17 targets that have two known drug molecules, and 208 targets that have three or more drug molecules which are known to interact with them ( Figure 2 ). We have also included the species information for the drug targets, identifying particular drug targets as bacterial, viral, or human. The Drug Bank "target ID" was used as the standard nomenclature for the targets.
Approved drug molecules obtained from the Drug Bank database were filtered using the Filter module of the OpenEye Scientific Software 32 to remove protein-based therapeutics such as insulin and oxytocin. Filtering was carried out with the following parameters: molecular weight (150 to 800), ring systems (0 to 10), number of carbons (5 to 40), rotatable bonds (0 to 15), and allowed elements (H, C, N, O, F, S, Cl, LGICR, ligand-gated ion channel receptor; GPCR, G-protein coupled receptor; NR, nuclear receptor; IC, ion channels; TP, transporters; OR, oxido-reductase enzymes; K, kinases; OT, other transferses; PR, proteases; ES, esterases; OH, other hydrolases; LY, lyases, ligases, and isomerases; O, others. Br, and P). After filtering, a final database of 1150 approved drug molecules was obtained. The approved drug molecules in our database were grouped into 14 major classes according to the anatomical therapeutic chemical (ATC) classification system of the World Health Organization (WHO).
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33 Drug Bank and KEGG were used to obtain the ATC codes of the drugs. In the ATC system, drugs are categorized into groups at five different levels, namely the following: (1) anatomical main group, (2) therapeutic subgroup, (3) pharmacological subgroup, (4) chemical subgroup, and (5) chemical substance. The first level, which indicates the anatomical main group, consists of a one letter code; e.g., "J" refers to anti-infective agents. The Drug Bank number (DB number) was used as the standard nomenclature for approved drugs.
The 245 targets along with their approved drugs were organized into a chemogenomics matrix with rows, i, defined by drugs (1150 in number) and columns, j, defined by targets (245 in number). A 16 × 8 subsection of the matrix is shown in Figure 3A . We represent the matrix elements by the symbol, O ij dt , where the superscript designation, dt, represents drug-target. These matrix elements are set to either 1 or 0 depending on whether or not the drug, i, has a Drug Bank documented interaction with the protein target, j.
The importance of the matrix is that we can easily find drug sets to represent a given target by selecting an appropriate column of the matrix, scanning downward through the rows and noting where the 1's and 0's are located. In addition, we can find the targets associated with a given drug by selecting an appropriate row of the matrix, scanning horizontally across the columns, and noting where the 1's and 0's are located. The chemogenomics database is composed of the chemogenomics matrix, as shown in Figure 3A , and a structural data file containing the drug structures and associated data.
2.2. Validation Study Using DUD. DUD is one of the most commonly used data sets for the analysis and validation of structure-based and ligand-based virtual screening methods. It contains approximately 3000 active ligands 29 distributed across 40 protein targets. For every active ligand, 36 inactive "decoy" molecules were selected that are physically and chemically similar but topologically distinct from the active ligands. This approach to selecting decoys avoids the bias in screening efficiency that arises due to dissimilarity in physical properties between active and inactive compounds present in the same database. Since we wanted to use approved drugs as target representatives, we chose 30 targets in the DUD data set that have at least one approved drug molecule. The approved drug molecules for each target (target representatives) were obtained from our chemogenomics database. A screening database was created by seeding the DUD actives into the decoys for each of the 30 targets, and the ability of target representatives to discern active from decoy compounds was analyzed. In a second study, the DUD actives were mixed with the entire decoy set (cross decoys), and the ability of the target representatives to discern active from decoy compounds was analyzed for each respective target.
Multiple conformations of the target representatives were generated by using OMEGA (Open Eye Scientific Software) 34 with the following parameters: number of allowed conformations (nconfs) = 400, root-mean-square distance (RMS) = 0.5 Å, and Ewindow = 10 kcal/mol. Ewindow is the value used to discard high-energy conformations. The Merck Molecular Force Field (MMFF) was used. The maximum allowed conformations per compound was set to 400 to ensure complete conformational coverage. The same OMEGA parameters were used to generate a single (nconfs = 1) low-energy conformation of DUD active molecules and decoys.
The ROCS program (OpenEye Scientific Software) 35 was used to carry out the virtual screens between the DUD screening databases and the target representatives. The ROCS run was carried out with the following parameters: rankby = combo and besthits = 1. In this screen, ROCS compares database compounds and target representatives by aligning the compounds such that their volumes and chemical features are as closely matched as possible. This match is represented by a combo score which ranges from 0 to 2. If the combo score is close to 2, then the molecules have an excellent shape and chemical-feature match. On the other hand, values close to 0 imply a poor shape and chemical-feature match. The screening score for a particular database compound was set to the maximum combo score between the database compound and any of the target representatives. The use of the maximum combo score is consistent with group fusion ideas 36−38 that utilize the MAX fusion rule. MAX fusion is an extreme case, where all of the data are thrown out and only the maximum value is retained.
An overview of steps used in this validation study is shown in Figure 4 . For example, in the case of COX-2, there are 408 active molecules and 13 289 decoys in DUD. The total of 13 697 molecules was used as the query set for the first screening run, i.e., DUD target-focused decoy screens. Thirty-six approved drugs, which are known to interact with COX-2, were extracted from our chemogenomics database and were used as target representatives. The query set (i.e., 13 697 molecules) was used to screen the target representatives. The similarity of each molecule in the query set to every molecule in the target representative set was calculated, and the maximum combo score was selected. Each DUD query molecule will now have an associated maximum combo score that gives the similarity between the DUD query molecule and the target representative set.
The resulting file was sorted according to combo score. A receiveroperating characteristic (ROC) plot was generated, and the AUC was computed. Similar computations were carried out for all 30 targets using DUD target-focused decoys and cross decoys. Ideally, if the target representatives are capable of identifying the actives, then higher AUC values (close to one) are expected.
2.3. Generation of the Drug−Target Matrix. Figure 5 shows the workflow for the creation of a drug−target matrix. In the first step, we constructed an 1150 × 245 chemogenomics database as discussed in section 2.1. In the second step, we constructed a 1150 × 1150 drug−drug similarity matrix. This was done by using ROCS to align and generate combo scores Matrix element values, O′ ij dt , close to 2 indicate a high likelihood of interaction between the drug, i, and target, j, whereas O′ ij dt values close to 0 indicate a small likelihood that the drug will interact with the target. Abbreviations: DB number, Drug Bank number; ATC, anatomical therapeutic chemical classification; AMPC, AmpC β-lactamase; RIBOS12, 30s ribosomal protein S12; PBP1A1B, penicillin-binding protein 1A/1B; DHODH, dihydroorotate dehydrogenase; HIVRT, HIV reverse transcriptase; EBIOP28, ergosterol biosynthetic protein 28; 5HT3R, 5HT3 receptor; GABAALP, GABA receptor subunit alpha;
LGICR, ligand-gated ion channel receptor; bact, bacteria; vir, virus; h, humans. for each and every pair of drugs. Each target representative drug molecule was conformationally expanded using OMEGA, and the query drug molecule was prepared with the same parameters as those used for the DUD data set. When two drug molecules, drug 1 and drug 2, were compared using ROCS, all pairwise alignments and combo score values between the conformational sets of the two molecules were evaluated. The final combo score between drug 1 and drug 2 was then set to the maximum combo score generated from the set of pairwise alignments. The drug−drug matrix is shown in step 2 of Figure 5 , where O ij dd represents the maximum combo score between drugs i and j, and the superscript designation, dd, represents drug−drug.
In step 3, we combine the information from the chemogenomics database (step 1 in Figure 5 ) with the drug−drug matrix (step 2 in Figure 5 ) to create a drug−target matrix (step 3 in Figure 5 ). We collected all of the known drugs, {i} j , for each target, j, from the chemogenomics matrix by selecting an appropriate column of the matrix, j, scanning downward through the rows, i, and noting the set of row locations, {i} j , with matrix elements, O ij dt , equal to 1 (described in section 2.1). For each drug−target pair, i and j, we evaluated the maximum ROCS combo score between the drug, i, and the set of target representatives, {i} j . We used this maximum combo score to populate the drug−target matrix element values, O′ ij dt have a value of 1 (which is marked in red color) if there is a known interaction between drug, i, and target, j, and 0 (marked in green color) if there is no known interaction. (2) Drug−drug matrix elements, O ij dd , are generated from pairwise combo scores of each drug i with all other drugs j from the chemogenomics matrix. (3) Drug−target matrix elements, O′ ij dt , are generated by combining the information from matrices in steps 1 and 2. For example, there is no known link between drug 1 and target 1 (see step 1). Drug 2 is the only known inhibitor of target 1. So, O 1,2 dd was used as a link between drug 1 and target 1. When more than one known drug exists for a target, then the maximum combo score is taken. For example, in the case of drug 2 and target 3, which has two known drugs (drugs 1 and 3), the matrix element is given by values close to 0 indicate a small likelihood that the drug will interact with the target. A snapshot of the final version of the drug−target matrix is shown in Figure 3B . Any row of the matrix will give us the off-target profile of a drug. For the comparison of the ROCS result to the 2D similarity approach, we used the scitegic ECFP4 fingerprint in pipeline pilot. 39, 40 In order to compare with the Similarity Ensemble Approach (SEA), which is a well-known target fishing application, we used the SEA search tool along with the ChEMBL database and ECFP4 descriptors as options. 41 2.4. External Test Set. In order to check the ability of the approach to identify the off-targets of new molecules, we used an external test set. Fourteen drug molecules were identified from the literature, for each of which a new off-target has been reported recently. 16, 17 We used this as an external test of molecules to further validate the use of our ROCS Based Target Fishing (RBTF) model. In order to facilitate the comparison between ligands for a particular target, we converted the combo scores to Z scores. As mentioned earlier, in our matrix, each query drug molecule is represented as a row. The Z score is calculated using the formula
where X ij is the combo score for a drug i to target j, μ i is the mean of all combo scores for that query drug across 245 targets in the row, and σ i is the standard deviation of all combo scores for that query drug across the row.
RESULTS AND DISCUSSION
We generated a chemogenomics matrix of known drug−target interactions. This matrix is sparse because approved drug molecules have documented interactions with only a few of the 245 primary targets. Of the 128 potential drug−protein interactions shown in Figure 3A , there are only 7 documented activities. There are two reasons for this as follows: (1) the drugs were designed with a particular target in mind, thereby minimizing the potential for off-target activity, and (2) the drugs were never tested against the off-targets. In this work, we have used approved drug molecules as the target representatives and ROCS as the similarity method to fill in the blanks of this sparse matrix. 3.1. Validation Using the DUD Set. We first tested our idea of using approved drug molecules as target representatives using the DUD data set. The ability of chosen target representatives from Drug Bank to retrieve the DUD actives seeded into DUD decoys was studied for each target. Crossdecoy screens were also performed where the screening database was the set of DUD actives for a particular target seeded into the entire DUD ligand set, which includes the decoys for all of the other targets. The enrichment was analyzed using the AUC values from ROC plots. The results from the target-focused screen and cross-decoy screen are shown in Table 1 , and the ROC plots for all 30 targets are shown in Figure 6 . Our results show that the use of approved drug molecules can retrieve active molecules from decoys in most of the test case studies. If we consider AUC values greater than 0.8 as excellent, between 0.7 and 0.8 as good, between 0.6 and 0.7 as fair, between 0.5 and 0.6 as poor, and less than 0.5 as failed, then our target-focused screening strategy produced good or better enrichment for 20 of the 30 targets tested (67% success rate). Cross-decoy screening gave a 77% success rate. This is reasonable as target-focused decoys are more challenging cases for the retrieval of actives from decoys.
Enrichment obtained from one target to the next varies considerably and is highly dependent on the selection of target representatives. 24 For progesterone receptor (PR), we obtained a target-focused AUC value of 0.92, whereas for enoyl ACP reductase (InhA), we obtained a lower AUC value of 0.5. Figure 7 shows PR target representatives (top) and a representative set of DUD actives (bottom) along with the combo score. All 12 target representatives of PR contain a cyclopenta-phenanthrene ring system. Yet, this set was able to identify diverse DUD actives with different scaffolds such as dihydro-quinoline (ZINC03832321) and chromeno[3,4-f ]quinoline (ZINC03831939). The combo 
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score between the target representative norethindrone and the dihydro-quinoline derivative (ZINC03832321) is 1.30, whereas the 2D similarity between these two molecules calculated using ECFP4 fingerprint gives a Tanimoto value of 0.08. This highlights the fact that the 3D-overlap facilitates enrichment even for compounds which are not found to be similar in 2D. In the case Figure 6 . ROC curves for 30 DUD targets using approved drug molecules of the respective targets as target representatives. Target abbreviations are given in Table 1 . Sensitivity is the fraction of truly active compounds selected from the virtual screening workflow, and 1-specificity is the fraction of inactive compounds selected from the virtual screening workflow. of InhA, the target representative, ethionamide, is a compact rigid structure. On the other hand, the DUD actives for InhA are large molecules with multiple rotatable bonds. These differences are consistent with the low AUC value of 0.5 that we obtained for InhA.
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Most of the targets that produced lower enrichment in this study have a lower number of available target representatives. For example, the targets AmpC, ALR2, and VEGFR2 each have only two target representatives (Table 1) and achieved AUC values of 0.40, 0.49, and 0.49, respectively. Our conclusion from these studies is that the use of approved drugs as target representatives is reasonable with a 67% success rate of retrieving DUD actives. However, the specific examples outlined also underscore the limitations of our approach. In order for the LBTF method to be successful, there must be some similarity between the drugs used to represent the target and the active compounds that are sought. Although ROCS has been shown to be successful in scaffold hopping, 22 it is not expected to identify completely different scaffolds as exemplified in the case of InhA. Enrichment depends solely on how well the target-ligand set overlaps with the actives to be found in the database. If the target is only represented by one or two ligands, then the probability of nonoverlap with active compounds in the database may increase. Overall, this experiment validates our target fishing approach, demonstrating that it is possible to predict the activity of an unknown compound against a protein target by evaluating its similarity to drugs that have a documented protein target activity.
3.2. Generation of the Drug−Target Matrix. We have identified 245 primary drug targets which can be arranged into 13 classes. For each target, 1150 drugs were collected and classified using ATC codes. The drug target, histamine H1 receptor, was annotated with the highest number of approved drug molecules (64) in our list, followed by muscarinic M1 and dopaminergic D1 receptors, which were found to interact with 49 approved drug molecules. There are 208 targets in our list which have three or more drug molecules that are known to interact with them. The workflow for generating the final drug−target matrix is shown in Figure 5 . A snapshot of a small subsection of the matrix is shown in Figure 3B , and the full drug−target matrix between 1150 drugs and 245 targets is shown in Figure 8 . The red and yellow regions are the signals or alerts for potential off-target interactions in this matrix.
The value of the matrix elements of the drug−target matrix, ranging from 0 to 2, represents the likelihood of interaction between the drug and the target. The success of our DUD validation study supports this observation. In addition, the drug−target matrix is dense; i.e., every drug has a computed interaction value with every protein target. By contrast, the chemogenomics database ( Figure 3A and Figure 5 , part 1) derived from Drug Bank is sparse because the matrix is limited to reported interactions between drugs and proteins. As such, the drug−target matrix extends our ability to study drug−protein relationships beyond those documented in the literature or in public sources such as Drug Bank.
A quick visual analysis of the drug−target matrix provides many insights (Figure 8 ). For example, the anti-infective agents (marked by ATC code J) show the least off-target effects because these drugs were mainly designed to target bacterial proteins essential for survival in human hosts. Column 1 ( Figure 8 ) is composed of pathogen targets. Most notably, the population of red matrix elements for the anti-infective agents in column 1 is much higher than for any other column (target class) of the matrix. In contrast to anti-infectives, the drugs acting on central nervous system targets (grouped by ATC code N) show many off-target alerts. This category of drugs includes many GPCR ligands. Our drug−target matrix agrees with a previous study demonstrating that GPCR ligands produce the most promiscuous polypharmacology-based profiles. 37 A closer analysis of specific compounds highlights the potential of this matrix. For example, rimantadine is an antiviral compound, but it is also predicted to have interaction with N-methyl-D-aspartate (NMDA) 3A receptor. Interestingly, our preliminary analysis of the literature shows that rimantadine is an NMDA antagonist and has been reported to be of benefit to patients with Parkinson's disease. 42 We further analyzed whether this can be identified by simple 2D-similarity analysis. The chemogenomics database allows us to quickly retrieve the target representative molecule. The off-target flag was Figure 8 . Drug−target matrix (1150 drugs × 245 targets) generated using the RBTF approach. Color coding: Red reflects regions with combo scores of 1.4 to 2.0 and represents potential off-target interactions. Yellow shows borderline cases of off-target interaction with combo scores of 1.2 to 1.4. Green reflects regions with combo scores below 1.2. We do not expect drug−protein interactions in green regions. J and N are ATC codes which represent anti-infectives for systemic use and drugs acting on the nervous system, respectively. Columns are labeled on the basis of different classes of targets. column 1, pathogen targets; column 2, ligand-gated ion channel receptors; column 3, G-protein coupled receptors; column 4, nuclear receptors; column 5, ion channels; column 6, transporters; column 7, oxidoreductases; column 8, kinases; column 9, other transferases; column 10, proteases; column 11, other enzymes; column 12, other targets. generated on the basis of the 3D-similarity between rimantadine and memantine with a combo score of 1.54. We used ECFP4 fingerprints 39, 40 for all 2D-similarity analysis. The 2D-similaritiy between these two compounds gives a Tanimoto value of 0.23. SEA is considered to be a standard 2D-based offtarget prediction program. 17 In addition to 2D-similarity calculation, it gives an expectation value based on a statistical scoring scheme. 17 When analyzed with the SEA search tool, it did not give any predicted off-targets for rimantadine. This shows an example where a potential off-target of a compound could be missed if we look at the 2D-similarity alone. In addition to NMDA receptors, our RBTF predicts that rimantadine has potential off-target interactions with targets like adrenergic receptors, muscarinic receptors, serotonin transporter, and acetycholinesterase. Further study on this drug against these new off-targets will help us to understand its neuropharmacological properties.
Chlorphenesin is a centrally acting muscle relaxant with antibacterial properties. On the basis of the 3D-similaritiy with dyphylline (combo score = 1.64), RBTF predicts phosphodiesterase-4A (PDE4A) as a potential off-target for this molecule. These two compounds share a lower 2D similarity with a Tanimoto value of 0.19. The predicted off-target effect is in agreement with a previous report. 43 Celecoxib is a well-known cyclooxygenase-2 (COX-2) inhibitor. RBTF predicts a potential interaction with carbonic anhydrase (CA) based on the 3D-similarity with brinzolamide, a known CA inhibitor. The combo score between these two molecules is 1.26. Literature evidence shows the CA inhibitory activity of celecoxib. 44 The 2D-similarity between these two molecules has a Tanimoto value of 0.12.
Finally, desloratadine is an antihistaminergic compound which is predicted to interact with muscarinic (M1) receptor. Desloratadine and cyclizine share a higher 3D-similarity with a combo score of 1.49, whereas the 2D Tanimoto between these two compounds is 0.08. Desloratadine was reported to have nanomolar affinity to the M1 receptor in vitro. 45 Thus, most of the compounds highlighted above have lower 2D-similarity, but RBTF is able to correctly predict the off-targets based on the 3D-similarity. These examples show that new insight can be obtained from a 3D approach, and it also highlights the potential of the 3D approach to complement the 2D approaches. The structure of these molecules along with similarity score is given in the Supporting Information.
3.3. Validation Using External Test Set and Potential Applications. 3.3.1. External Test set. Fourteen test molecules were collected from the literature for which a new off-target has been reported recently. 16, 17 We used this as an external test of molecules to further validate our RBTF model. The final form of the drug−target matrix generated for an example test molecule (query) is shown in Figure 9 . The combo scores were converted into Z scores. We read across a row of the drug− target matrix, for each of the 14 test molecules, to extract the matrix values (Z scores) for each of the 245 primary targets. The targets were then sorted into decreasing order by maximum Z score value. We then collected the identities of the newly published off-targets for each test molecule and determined their positions in the sorted target lists. Offtargets that have the same score received the same ranking number, and the next target received the next immediate ranking number. The results of this calculation are shown in Table 2 . If a newly published target appeared within the top 5% (top 12) of the sorted target list for each test molecule, then we deemed the RBTF protocol a success. Analysis of Table 2 shows that the RBTF protocol was able to correctly predict at least one of the newly identified off-targets for 10 of 14, or 71%, of the test molecules (molecules 1 −8, 11 and 14) . For molecules 9, 12, and 13, the top off-targets were ranked 64, 28, and 48, respectively. The reported off-target (5HT5A) was not present in our target list for molecule 10. These results are significant because some of the test molecules are not present in our chemogenomics database (italicized drugs in Table 2 ), and for those test molecules present, we were able to predict interaction with protein targets that were not previously documented (italicized proteins in column 3 of Table 2 ). It should be noted that other targets which occur within the top 5% of our list (not reported in the table) could be potential off-targets and candidates for future testing. Some examples are discussed below to highlight this point. The test set molecules were not known, until recent experiments, 16, 17 to interact with these off-targets, and it is very gratifying to note that our RBTF approach was able to identify most of these unknown off-targets.
For example, dimetholizine (first molecule in Table 2 ) was recently reported to have antihistaminergic and antihypertensive action. 17 However, this molecule was not present in Drug Bank from which our chemogenomic database was derived. Our RBTF approach (outlined in Figure 9 ) has correctly predicted the recently identified off-targets α1A, α1B, α1D adrenergic receptors, D2 dopamine receptor, and 5HT1A serotonergic receptor ( Table 2 , column 5 and Figure 10A) . Moreover, the histamine H1 receptor (column 3 of Table 2 ) was also identified as a potential target (with rank 6), which agrees with its wellknown antihistaminergic activity.
Fluanisone (Sedalande), another molecule in our test set, was reported to be a neuroleptic. 17 This molecule is also not present in our chemogenomic database, and there are no known targets assigned to it. Our RBTF protocol (Figure 9 ) correctly predicted the recently identified off-targets α1A, α1B, α1D adrenergic receptors, and the 5HT1D serotonergic receptor (column 5 of Table 2 ). Dopamine D2 and 5HT2A receptors (column 3 of Table 2 ) are well-known targets of sedalande. 46, 47 D2 is ranked first in the off-target hit list (column 4 of Table 2 and Figure 10B ), and the 5-HT2A receptor is ranked third.
Fluoxetine (Prozac) is another well-known drug in our list which inhibits the serotonin transporter. This drug is present in our chemogenomic database, but its association with the recently identified off-target β1 adrenergic receptor was not. In fact, the β1 adrenergic receptor is ranked fifth in our list. A literature analysis shows that fluoxetine was known to have a weak binding affinity for the norepinephrine transporter (K i = 1560 nM) and dopamine transporter (K i = 6670 nM). 48 Fluoxetine was also known to have histamine H1 receptor Figure 9 . The drug−target matrix generated for a test molecule (shown as query 4). The workflow is similar to that shown in Figure 5 . antagonist activity with an IC 50 value of 1.9 μM. 49 The norepinephrine transporter and dopamine transporter were ranked first, and the histamine H1 receptor was ranked third in our off-target hit list for fluoxetine ( Figure 10C ). Furthermore, hERG ranks seventh in our off-target hit list (not shown in Table 2 , but shown in Figure 10C ), which is consistent with previous work demonstrating that fluoxetine inhibits hERG with an IC 50 of 0.7 μM. 50 Nine of the 14 drugs in the test set were not in our database, and therefore they have no target assignments. The nine compounds are as follows: fluanisone, dimetholizine, indoramin, mebhydrolin, denopamine, DMtryptamine, tetrabenazine, ifenprodil, and RO-25-6981 (Table 2 ). Our RBTF approach was able to assign the correct targets in eight of the nine cases. This also highlights the potential application of RBTF in assigning targets to orphan compounds. Orphan compounds are compounds with known pharmacological activity but with unknown macromolecular target. 10 Fluanisone is only known as a neuroleptic, but by using RBTF, we were able to assign potential targets or off-targets to it. Indoramin's known pharmacological action is as an adrenergic blocker and antihypertensive. Adrenergic α1A and α1B receptors were identified as potential targets with ranks three and four, respectively. In the case of mebhydrolin, the recently identified off-target 5HT5A receptor is not present in our list of targets. However, RBTF was able to identify the histamine H1 receptor as its target (rank 1; combo score = 1.62). The off-target hit lists of other test set molecules are given in the Supporting Information.
3.3.2. hERG Toxicity. One of the important applications of developing the off-target profiles of drug molecules is to understand potential toxicity due to interactions with unwanted targets. The hERG potassium channel is a wellknown target which is implicated in cardiac toxicity. 51 We explored the potential of our RBTF protocol to predict the interaction of drugs with hERG. There are 14 approved drugs in our chemogenomics database which are known to interact with hERG and which serve as target representatives. The 14 approved drugs served as target representatives, and the overlap with the query molecule is given by combo score with values between 0 and 2. We converted it into a Z score as explained in the Methods section. RBTF predicts that propranolol will interact with hERG, and a quick search of the literature shows that propranolol inhibits hERG. 52 In our chemogenomics database (Figure 3) , propranolol was not associated with hERG activity, but we demonstrated via our RBTF protocol that propranolol has hERG activity. Through literature analysis, we were able to confirm the hERG interaction for at least five drugs (shown in Table 3 ), which produced an alert in our RBTF screen. c Abbreviations: SERT, serotonin transporter; D2, dopamine receptor-2; α 1A receptor, α 1A adrenergic receptor; D4, dopamine receptor-4; M3, muscarinic receptor M3; VMAT2, vesicular monoamine transporter-2; NMDA, NMDA receptor. 4. CONCLUSION Polypharmacology-based methods can augment modern drugdiscovery efforts in a range of applications, from the repurposing of existing drugs toward new protein targets, to predicting side-effect profiles for drug compounds, to designing novel drugs with lower toxicity and higher efficacy. Generation of the polypharmacologybased profile of drugs and new lead compounds is a challenging task. In this study, we developed a novel approach to address this issue.
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We generated a chemogenomic database that links known target proteins and drugs. This allowed us to use approved drug molecules as target representatives. We then used a 3D-shape and chemistry-based similarity search to develop the off-target profile of drugs. We validated this approach with the DUD data set using both target-focused decoys and cross decoys. By using our RBTF protocol, we were able to identify many off-targets of drugs which were recently reported in the literature. Overall, this is a simple and fast approach that demonstrates that a shape and chemical similaritybased target fishing approach starting with a chemogenomic database can successfully generate polypharmacology-based profiles. The methodology has potential application in the prediction of toxicity, identification of targets of orphan compounds, and drug repurposing.
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Three figures that show the off-target profile via RBTF for 11 test set molecules and one figure that shows the 3D/2D similarity of 4 molecules and respective target representative compound. 
